Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen Zwecken und zum Privatgebrauch gespeichert und kopiert werden.
Introduction and Background
During the last decades, measuring health inequalities has become increasingly popular.
Major reasons are certainly an increased data availability, an increased technological capacity to handle the data, and more refined methods to analyze the data.
Although research on health inequalities has increased in recent years, it is still an underdeveloped field as compared to the field of income inequalities. The public focus on income inequalities seems to blur the awareness of the probably more fundamental issue of equitable health distributions. Work on income-related health inequalities links the two research fields.
Within the research field of inequalities in health, one can define several subfields.
In order to sharpen the focus and to reveal the contributions of the study at hand, we categorize the studies into five main inter-related fields (see Figure 1 ). Field A includes all studies that deal with health measurement. Health measures can be classified as: a) Subjective health measures such as health satisfaction or self-assessed health (SAH): SAH is the most popular health measure and most studies on health inequalities in developed countries rely on it. Analogously to what advocates of happiness economics claim, one can take the view that differences in health satisfaction should be the relevant indicator rather than differences in true health. b) Medical care measures like the number of doctor visits, the number of days in hospital, or the number of sick leave days. c) Generic health measures such as the SF12, the HUI-III, or the 15D: these preference-based measures are presumably objective and comprehensive. They are generated from self-reported questions which cover various health dimensions and are aggregated into a single index. Henceforth, we refer to them as quasi-objective. d) Vignette-based health measures: respondents are asked to rate their own health and those of fictitious individuals. From this, the respondent's "true" health status is derived. e) Objective health measures such as height at a certain age or grip strength: they are based on diagnosis by physicians or use invasive or non-invasive procedures.
Using data that incorporate an extraordinarily rich set of different health measures, our work predominately contributes to Field A. The main aim of the paper is to analyze the sensitivity of the concentration index with respect to the health measure used. In addition, we show that cardinalizing SAH by means of continuous, generic health distributions has an impact on the size of the inequality measure. We perform this exercise by comparing the German SF12, the Canadian HUI-III, and the Finish 15D as bases of the scaling procedure.
[Insert Figure 1 about here]
Closely related to the question of how to define and measure health states is Field B, which deals with reporting heterogeneity. Reporting heterogeneity, which is sometimes also called "state dependent reporting bias," or "scale of reference bias," points towards the finding that some population groups may systematically rate their health status as different from others. There is evidence that cultural as well as semantic differences vary in a systematic way with the response behavior (Mathers and Douglas, 1998; Jürges, 2007; Bago d'Uva et al., 2008) . While these findings are challenges for cross-country comparisons, the phenomenon of differential reporting also exists within countries when samples are stratified by education, age, gender, or income. Older people tend to judge their health more mildly, whereas the findings for gender, education, and income are mixed, depending on the country (van Doorslaer and Gerdtham, 2003; Lindeboom and van Doorslaer, 2004; Etilé and Milcent, 2006; Jürges, 2008; Bago d'Uva et al., 2008) . Reporting heterogeneity in particular biases socioeconomic status (SES) related health inequality measures. By definition, reporting heterogeneity might be an issue, and has been proven to exist, when health measures are based on self-reported answers, i.e., in all cases except e) in the above classification.
When talking about reporting heterogeneity and SAH, a useful distinction is the one between "cut-point shifts" and "index shifts." By index shifts we mean when all thresholds of the ordinal SAH measure are shifted parallely for certain subpopulations. Cut-point shifting occurs if certain subpopulations value a specific health state differently and hence single SAH cut-off points are shifted. Lindeboom and van Doorslaer (2004) identified the non-separability of true health differences from index shifts as a fundamental identification problem.
Conventional tests on reporting heterogeneity mirror subjective health measures against allegedly objective measures like the HUI-III or vignettes. The main underlying assumption is that preference-based generic health measures and vignettes are not prone to reporting heterogeneity. Since these health measures are derived from health self-reports, this assumption is questionable. One might take the view that solely measures of class e) are appropriate for testing reporting heterogeneity. However, they almost always suffer from a lack of multidimensionality and reduce health to a very narrow physical definition. Hence, researchers face the even more fundamental problem of identifying reporting heterogeneity -should measures of type c) or d) incorporate, at least to some degree, reporting heterogeneity. Baker et al. (2004) compared self-reports of specific chronic conditions to medical records and found considerable reporting errors which were related to the labor market activity of the respondents. Other studies found similar results (Johnston et al., 2009) . While these papers rely on specific diagnosis, we provide evidence of the existence of reporting heterogeneity in generic health measures. This is done by contrasting the physical health component of the SF12 to an unambiguously objective measure of physical health -the grip strength.
So as to not overload the paper, we will only briefly touch on the three other fields, identified as C, D, and E in Figure 1 . Field C deals with the type of inequality indicator (e.g. Erreygers (2009)), while Field D tests the sensitivity of the indicator with respect to the SES measure used (e.g. Wagstaff and Watanabe (2003) ; Lindelow (2006) ). We make use of the concentration index and relate it to the equivalized household income since a broad consensus has been found for these two indicators. Studies in Field E deal with the decomposition of inequality measures into its determinants (e.g. Wagstaff and Watanabe (2003) ; van Doorslaer and Koolman (2004); Lauridsen et al. (2007); Huber (2008) ). However, mechanically applied, the Oaxaca-Blinder type of decomposition merely decomposes the index into its correlation components. We take the view that this exercise is only of tangible value for policymakers if distinct causal relationships between potentially endogenous variables -such as education or income -and health have been proven to exist for the country in question. For Germany, this has only been shown for the effect of income on health satisfaction in the aftermath of reunification (Frijters et al., 2005) .
Our work makes various contributions to the literature on health inequalities. To our knowledge there is no study that systematically and rigorously assesses the CI's sensitivity with regard to ten different health measures and three different SAH scaling procedures.
Compared to the other fields in Figure 1 and relative to its immanent importance, there is surprisingly little research on the impact of health measures on health inequality indicators (one recent exception is Tubeuf (2008) ). In addition, we show that the choice of the generic health measure to scale SAH has a substantial impact on the size of the inequality measure.
Instead of using the Canadian HUI-III, we propose to use the more symmetric German SF12 when European SAH distributions are cardinalized -along with other generic measures -to prove the robustness of the results. Finally, to the best of our knowledge, we are the first to provide evidence of the existence of reporting heterogeneity in generic health measures. In contrast to other studies, our analyses rely on the most recent data which are representative of the most populous European country.
Methods

Calculating Concentration Curves and Indices
The concentration curve (CC) is a tool to visualize the degree of socioeconomic inequality in health for the whole distribution. It plots the cumulative share of the population, ranked by a living standard variable, against the corresponding cumulative share of a health measure. The benchmark is the 45 • -line which represents the state where health is not systematically related to socioeconomic characteristics. If the health measure on the vertical axis stands for ill-health, then ill-health is more concentrated among the lower social classes if the CC lies above the line of equality.
Converting the visual representation into a single indicator is achieved by twice defining the area between the CC and the line of equality as Concentration Index (CI). Formally:
where respondent i's rank in the income distribution is expressed by r, with r [0, 1]. The CI lies between -1 and 1 and takes the value zero in the case of no SES-related health inequality. It has negative values if ill-health is more concentrated among the poor. Using micro data, the CI can be computed as
where n is the sample size and µ is the mean of the applied health measure h (Kakwani et al., 1997) . Within a regression framework, we obtain the CI by means of
with σ r being the variance of the fractional rank.
Since the concentration index is by far the most dominant health inequality indicator and has various advantages over alternative indicators (Wagstaff and van Doorslaer, 2000) , the following sections use the concentration index exclusively.
Scaling SAH
It is straightforward to draw CCs and calculate CIs for binary or continuous health measures. However, using an ordinal measure such as SAH is more problematic. Various methods have been proposed to deal with this issue. The most obvious variant is to dichotomize ordinal measures. On the one hand, dichotomization comes at the cost of loss of information and it has been shown that one might run into problems in cross-country comparisons (Wagstaff, 2005) . On the other hand, Etilé and Milcent (2006) have shown that dichotomizing helps to overcome biases associated with reporting heterogeneity.
In a seminal paper, van Doorslaer and Jones (2003) proposed an interval regression based method to cardinalize ordinal health measures like SAH. They used the Canadian HUI-III as an objective and comprehensive measure of health to scale SAH. Subsequent work has confirmed that this method outperforms alternative scaling procedures (Lauridsen et al., 2004) . Today, the van Doorslaer and Jones' method is state-of-the-art but it rests on two strong assumptions: firstly, it is assumed that the underlying generic health measure represents the true health status and is free of systematic reporting errors. Secondly, since most surveys do not include generic health measures -if generic health measures are included, then scaling SAH becomes superfluous -the Canadian HUI-III distribution is often imposed on the population of interest assuming that the Canadian health distribution represents the health distribution of any given country.
After having analyzed the sensitivity of the CI with respect to the underlying health measure, we will look at the sensitivity when different generic health measures are used to scale SAH. (7) show the percentiles of the German, Canadian, and Finnish sample by SAH category. It is easy to see that the German SF12 is much more symmetric around the value 0.5 and that the other two measures are more skewed towards one. The percentiles are then used as boundaries in an interval regression to scale SAH. Unsurprisingly, the differences in the percentiles translate into differences in the predicted category means. Take category three -good SAH -as an example: while the predicted mean for SF12 is 0.49 (actual mean: 0.48), the predicted mean for the HUI-III cardinalization amounts to 0.82 and the one for 15D amounts to 0.85. A priori, one would expect the differences in the distributions of the three generic health measures to translate into differences in the inequality measures.
Testing Reporting Heterogeneity
The basis of any test on reporting heterogeneity is an objective health measure against which the suspicious variable is tested. One possibility is to use vignettes (Bago d'Uva et al., 2008) . However, as correctly stated by Lindeboom and van Doorslaer (2004) , it is quite likely that the rating of a health situation hinges crucially on the respondent's own health status. This, in turn, makes it necessary to condition on the true health status of the respondent, which is not only very data-demanding but also creates a chicken and egg scenario.
Most studies use a generic health measure or mortality as a true health indicator and condition on it together with other covariates within a regression framework (Humphries and Van Doorslaer, 2000; Lindeboom and van Doorslaer, 2004; Etilé and Milcent, 2006) .
Then, socioeconomic controls, as well as their interactions, should turn out to be insignificant in the absence of differential reporting. 1
Studies that rely on subsequent mortality use this objective health indicator as a dependent variable and condition on SAH arguing that censoring and sample attrition can be dealt with in this way. However, these studies also face the issue that due to the time gap between interview and death, SES-related reporting heterogeneity cannot be unambiguously identified.
Essentially, we will regress various subjective health measures on more objective measures, controlling at the same time for a rich set of socioeconomic controls and their interactions. We estimate various types of models and exploit various subjective, quasi-objective, and objective health measures. We then draw conclusions from the overall pattern of results. 
Dataset and Variable Definitions
Health Measures
The wordings of the questions that the survey respondents answered can be found in Appendix A.
Subjective Health Measures
Probably the most subjective health measure in the questionnaire is about respondents' health worries. All respondents were asked whether they were concerned about their health.
We collapsed the three answer categories into two and generated a dummy variable called health worries taking on a zero for those who indicated that they were "not concerned at all" about their health. A one was assigned to those respondents who indicated that they were "somewhat" or "very concerned."
A relatively new strand of economics' literature deals with happiness. The central question upon which this literature builds is about people's life satisfaction in general -usually measured on a scale from zero to ten. In light of this, it seems odd that little attention has been devoted to measures of health satisfaction. Happiness economists argue that one should rather focus on people's perceived life satisfaction than on hard economic measures like income per capita. Analogously, one could carry the argument over to the literature of health inequalities and ask whether it would not be more appropriate to focus on people's health satisfaction rather than their objective health status. This would mean that socio-economic related variation in health perception would be explicitly allowed for and reporting heterogeneity would no longer be an issue .
The SOEP contains a health satisfaction question which is measured on a scale from zero to ten with zero being the lowest value of health satisfaction. We dichotomized the ordinal variable. Health low has a one for respondents who indicated values between zero and three.
The most popular health measure is self-assessed health (SAH). Respondents are usually asked how they would rate or describe their health status on a five-category scale, ranging from "bad" to "very good" in the case of the SOEP. Using all five health categories, we estimate generalized ordered logit models. In addition we cardinalize the ordinal SAH measure using the distributions of three generic health measures: SF12, HUI-III, and ED15.
Finally, we dichotomize SAH. Health poor has a one when the respondents indicated that they were in "poor" or "bad" health. By contrast, health good has a one for those who claimed to have a "good" or "very good" health status.
The majority of the literature on health inequalities relies on SAH since it is easy to collect and thus widely available. SAH has been shown to be highly correlated with more objective health measures and is a very reliable indicator of mortality (Appels et al., 1996; Kaplan et al., 1996; McGee et al., 1999) . Flaws related to heterogeneous reporting behavior have already been discussed.
Medical Care Measures
Germany has universal health insurance coverage. 
Quasi-Objective Health Measure: SF12
The SF12 is a generic health measure which was developed to accurately measure the objective health status of respondents. It is comparable to other generic health measures like the HUI-III or the ED15. In total, 12 health-related questions are asked. Using a specific algorithm, two health indices are generated: the first is called mcs and measures mental health, whereas pcs measures physical health. We also combine both measures by simple weighting and call the overall measure sf12index.
As can be seen in Figure 2 , the distribution of all three continuous measures is slightly skewed but all three measures show a substantial degree of variation. We rescale all measures to lie between zero and one. Since we measure ill-health in some models, we also generate variables by taking one minus the value of the index and call them neg_mcs, neg_pcs, and neg_sf12index.
[Insert Figure 2 about here]
More details on how the SF12 was calculated and which questions were asked, can be found in Appendix A.
Objective Health Measure: Grip Strength
The grip strength is an objective measure of physical health. It has been shown to have a highly predictive power with respect to many health outcome measures (Giampaoli et al., 1999; Rantanen et al., 1999 Rantanen et al., , 2000 Metter et al., 2002) . The grip strength is non-invasive, easy to measure and hence the response rate in the SOEP lies above 96 percent. Selected interviewers were trained to accurately measure the grip strength of the respondents. More details about the measurement of the grip strength can also be found in Appendix A.
As with SF12, Figure 2 shows a large degree of variation in the distribution of the grip strength (bottom right graph). And as before, we rescale the grip strength to the zero-one interval and subtract the index from one to get a measure of ill health.
Explanatory Variables
To standardize the health measure with respect to age and gender, we generate ten genderspecific age groups (<35, 35-44, 44-64, 65-74, >75) and call them mage1-mage5 and fage1-fage5. Our main SES measure is the equalized household income, which we generate according to the following formula:
where EHI i stands for the equalized household income of person i and is the ratio of the monthly net income of household j, HHI j , and the household weight ω j , which is computed according to:
with m j being the total number of household members and k j being the number of children under the age of 14 in the household. The latter are weighted by 0.3 as compared to members over 14, which are weighted by a factor of 0.5.
To measure the educational level, we generate four dummy variables, namely dropout as well as 9, 10, and 13 years of schooling, respectively. In addition, we have a dummy apprenticeship for those who hold such a degree and a dummy college for those with a college degree. We also make use of the following socio-economic dummy variables: fulltime employed, kids, immigrant, married, weight, and height. Besides interacting each variable with the income measure, we also employ a dummy East Germany.
Results
We start by looking at the mean values of all health measures. They are displayed in Table 2 by six income percentile categories: <p5, p5-p25, p25-p50, p50-p75, p75-p95, >p95. Besides displaying the pure mean values, we also display the weighted means as well as gender-age standardized and weighted means. 3
[Insert Table 2 about here]
The first finding is that the means of all subjective ill-health measures drop substantially, the higher the income category. Analogously, we find a continuous increase in health -though less pronounced -by income category when we look at the scaled SAH measures.
As for days in hospital, we also find a distinctive decrease by income class, while the number of doctor visits and sick leave days peak in the second and third lowest income category and then decline monotonically. Looking at the mental health index of the SF12, we find monotonically increasing health states by income categories. The evolution of the SF12 physical health component is much flatter and we find the lowest value for the second lowest income class. This resembles what we find for the grip strength: the values do not vary much between income groups and increase from the second category to the fifth, having the lowest and highest value in each of these categories.
A second finding is that weighting and standardizing the health measures change their mean values, but only very slightly. The stars in the table indicate significant differences between the raw mean values and the weighted and standardized values. Significant differences are consistently found for all health measures but seem to be particularly important for the extreme income classes. The size of the differences is always relatively small.
To visualize the association between income and health, we plot cumulative density functions (cdfs) of SF12 measures and grip strength by income category. In Figure 3 , we observe a clear and distinct health-income gradient for the mental health index as well as for the overall index of the SF12. However, the positive association between income and health is less pronounced for the physical component of the SF12 and barely visible for the grip strength.
[Insert Figure 3 about here]
In a further step, we look at the concentration curves by category of health measures. Figure 4 plots the curves for the dichotomized subjective health measures. We see a distinct degree of health inequality with the graphs for poor health lying substantially above the degree of equality and the graph for good health lying below that line.
[Insert Figure 4 about here]
The concentration curves for measures that indicate the degree of usage of the health care system are plotted in Figure 5 . While the curve for days in hospital resembles the curves in Figure 4 and displays a distinct degree of health inequality with a curve lying constantly above the 45 • -line, the other two graphs differ. At first glance, it is difficult to detect any difference between the 45 • -line and the concentration curve for the number of doctor visits. In a higher resolution and magnified, one can see that the curve crosses the line of equality several times up to the value of 0.5 on the abscissa and lies above it for higher values. The number of sick leave days shows a similar pattern. From value 0.4 onwards, sick leave behavior is more concentrated among the poor, whereas the concentration curve lies below the 45 • -line for smaller values -a finding that is in line with the literature (Wagstaff and van Doorslaer, 2000) .
[Insert Figure 5 about here] Figure 6 uses one minus the corresponding SF12 or grip strength measure as an illhealth indicator. Consequently, one would expect the CCs to lie above the 45 • -lines in the case of pro-poor health inequalities. What we find is that the two lines are not apparently distinguishable. However, enlarging the picture reveals that all concentration curves lie slightly above the lines of equality. Inequality is most pronounced for the grip strength.
[Insert Figure 6 about here]
We have tested all concentration curves for dominance against each other (see Appendix B). 4 In general, the curves of the subjective health measures dominate all other curves.
We only find non-dominance when they are tested against days in hospital and daysabs since the pro-poor deviation of the latter two curves is very large for the richer half of the sample. The scaled SAH curves (not displayed) mostly dominate the medical care measures. As expected, the curve of the SF12 measure and its SAH scaled variant cross.
Since the German SF12 has less unequal health distribution than the HUI-III and the 15D, the scaled SAH version of the SF12 is dominated by the other two variants. As we have seen in Figure 6 , the CCs of the SF12 and the grip strength are very close to the 45 • -line; thus, they are almost always dominated by the other curves. Table 3 shows concentration indices of all health measures. All indices differ significantly from zero and have negative signs, indicating that ill-health is more concentrated among the poor. However, there are large differences in size, depending on the underlying health measure. We also find differences, depending on whether the health measure is age-gender standardized or not and whether education or income is used as socioeconomic indicator. Interestingly, these differences in size are negligible as compared to the differences between the groups of health measures used.
[Insert Table 3 about Using the SF12 as a health measure, by component or as a whole, reduces the degree of health inequality dramatically. It oscillates around -0.01 which is a ten times smaller than the dichotomized subjective indicators. We get the same value when we use grip strength as a measure of physical health. Notice that the standardized CIs for the SF12 physical health component and grip strength are the same size -no matter whether we use income or education as an SES measure. It is also noteworthy that the degree of inequality for the SF12 mental health component is substantially smaller when respondents are ranked by their education rather than by their household income. This is in line with the notion that it is economically precarious situations rather than poor education that causes psychological stress.
Once we scale SAH with SF12, the size of the resulting CI is very similar to the CI of the one exception is doctor visits whose CI is close to zero and not statistically different from the SF12 based CIs.
In Table 4 we provide regression estimates of the different health measures on more objective health measures and various controls. In columns (1) to (8), we regress the dichotomized subjective measures and SAH on the preference-based SF12 which is claimed to provide a comprehensive and unbiased measure of health. If this is true, other socioeconomic characteristics should not be significantly related to these health measures once the objective health status is controlled for.
[Insert Table 4 about here]
As we can easily infer from the table, SF12 is by far the most important and a highly significant determinant of subjective health measures. As additional controls, we generated eight gender-age dummies which entered the models in levels and in interaction with income. To save space, their coefficients are not shown. For each model with dichotomized subjective health (columns (1) to (3)), we find four gender-age dummies and their income interactions to be significant. If we turn to the generalized ordered logit and SAH, we find that few of the gender-age dummies are significant for the lower health categories.
However, for the SAH-3 and SAH-4 categories, all gender-age dummies are significant.
Moreover, the coefficients differ in size. 6 Regarding their interactions with income, we find 5 In contrast to our study, Lauridsen et al. (2004) use positive health measures and find CIs of 0.01 and 0.015 for SAH cardinalized by the 15D and the HUI-III. If we define our scaled SAH in the same way, the result is CIs of 0.007 and 0.012, respectively.
6 Separate statistical testing reveals that mage2-5 and fage2-5 are jointly statistically different from zero. By SAH categories, various coefficients are statistically different from each other in their means. three out of eight coefficients to be significant for the categories SAH-3 to SAH-5. Again, some of these coefficients are statistically different in their means.
While gender-age specific reporting heterogeneity has been consistently found in the literature, the question of whether education or income-related reporting heterogeneity is an issue is more controversial. Besides the fact that we have found various genderage-income interactions to be significant, the table provides additional evidence for SESrelated reporting differentials. In some of the regression models in columns (1) to (8), income in levels and in its squared form is correlated with the reporting behavior. We also see that various educational covariates, in levels and in interaction with income, show a significant association with subjective health measures, conditional on a presumably objective and comprehensive health measure. Interestingly, except for the model with low health satisfaction as dependent variable, we also observe that interactions between income and the employment status, the marital status and kids are significantly related to subjective health measures. Being full-time employed is clearly negatively associated with ill-health. 7
Let us turn to the model in column (9) in detail. To obtain evidence for reporting heterogeneity in preference-based generic health measures, we regress the physical health component of the SF12 on an unambiguously objective physical health measure -the grip strength -and a set of controls. Unsurprisingly, grip strength is clearly the most important determinant of SF12 physical health. In turns out that almost all gender-age controls are significant, which is not unexpected since physical health clearly detoriates with rising age. On the other hand, this finding suggests that a certain degree of gender-age specific reporting heterogeneity is also inherent in generic health indicators. This, in turn, would mean that it is advisable to gender-age standardize such measures before using them as objective controls in tests for or against reporting heterogeneity. This also holds for labor market and marital status related biases. However, it is striking that the regression model in column (9) is the only model that shows a strong and significant association between household income levels and physical health after having controlled for an objective measure of physical health and a rich set of socioeconomic controls. The positive association between higher household income and reported better physical health is as strong as the impact of the grip strength on SF12 physical health.
However, the finding is no definite proof for the existence of income-related reporting heterogeneity. Is it imaginable that there exists an unobserved dimension of physical health which is not captured by grip strength or any of the other socioeconomic covariates while being captured by the SF12 physical health measure. If income had the same strong impact on this physical health component as gripstrength has on physical health, this strong positive correlation between income and reported physical health could be explained.
We believe that this is highly implausible. It is at least implausible that such a relationship accounts for the entire correlation. The more so as Germany has a very generous universal health coverage with low access barriers, short waiting times, and free choice of doctors and hospitals. Low wage earners are publicly insured and mostly exempted from co-payments.
Ninety percent of the population have a public health insurance with very moderate copayments while coinsurance rates and deductibles are banned by German social legislation.
Hence it is difficult to think of a story that could explain this substantial correlation but excludes reporting heterogeneity. Consequently, we interpret the very strong linkage between lower income and reported worse physical health net of grip strength and various socioeconomic controls as evidence for income-related reporting heterogeneity in generic health measures.
Discussion and Conclusion
This paper systematically assesses the sensitivity of the concentration index (CI) with respect to the underlying health measure. The magnitude of the concentration index varies far more between different categories of health measures than between raw, weighted, or age-gender standardized health measures as well as other living standard measures. Using dichotomized subjective health measures like SAH or health satisfaction yields the largest pro-poor health inequalities. The indices are approximately halved when measures of health care use such as doctor visits are used as health indicators. When using the SF12, a preference-based and widely accepted generic health measure, the CI drops by a factor of ten. However, the CI's size does not vary according to whether the physical, the mental, or the combined component of the SF12 is used.
Scaling SAH by means of the SF12 and interval regressions results in a similar degree of inequality to the pure SF12. Scaling SAH by means of other generic health measures derived from other populations alters the results significantly. Given that the alternative HUI-III and 15D measures are more than 10 years old and rest upon the Canadian and Finnish population, we propose the usage of the German SF12 when European SAH distributions are scaled. Germany is the most populous European country, the SF12 is taken from a large representative 25-year-old household survey, and the SF12 is carried out at regular intervals. Moreover, the distribution of the SF12 is relatively symmetric and includes an explicit mental health component; the HUI-III has been criticized for its focus on the physical health dimension (Richardson and Zumbo, 2000) . However, we suggest presenting routinely scaled SAH for various underlying generic health distributions to prove the robustness of the results.
Finally, we present evidence on reporting heterogeneity. For all health measures, we find strong evidence for gender-age related reporting heterogeneity. The finding is in line with the literature and suggests that health measures should be routinely age-gender standardized. Regarding subjective health indicators, we find additional evidence for socioeconomicrelated reporting heterogeneity, depending on the educational level, the labor market status and the martial status of the respondents. The latter forms of differential reporting are not inherent in the physical component of the SF12, which, in contrast, shows clear associations with age, gender, height, and weight. Moreover, we find a strikingly strong and positive correlation between income and physical health in the model where we regress the physical health component of the SF12 on grip strength as an objective physical health measure along with a rich set of other covariates. In this way, we provide evidence on the presence of reporting heterogeneity in preference-based generic health measures.
In accordance with claims made by advocates of the economics of happiness, measures of health inequality could be routinely based on health satisfaction rather than, or in addition to, presumably objective health measures. Socioeconomic-related reporting behavior would be explicitly allowed for and, hence, reporting heterogeneity would no longer be a flaw. In addition, measures of health satisfaction can be as easily collected as SAH and they rely on an increasingly popular strand in the economics literature. In this way, the fundamental identification problem to disentangle objective health from differential reporting could be overcome. Values for HUI-III are taken from Jones et al. (2007) ; values for 15D are taken from Lauridsen et al. (2004) In the SOEP, the translation of the SAH categories would read "bad, poor, satisfactory, good, very good."
In the Finnish Health Care Survey, from which the 15D values are taken, the translation of the categories would read "poor, rather poor, average, fairly good, good."
The "mean"-columns show the predicted values (conditional on the category) when the according generic health measure is used to scale SAH. The procedure is applied like in (Jones et al., 2007) . Inverval regressions are weighted. 
wght.
( 3) wght. & std. Body Height in cm -0.001 0.000 -0.001 -0.000 -0.001 -0.003 0.003 0.000 0.002*** (0.001) (0.001) (0.001) (0.000) (0.001) (0.002) (0.002) (0.000) (0.001) Weight in kg 0.001 -0.001 -0.000 0.000 0.000 0.002 -0.002 -0.000 -0.002*** (0.001) (0.001) (0.001) (0.000) (0.000) (0.002) (0.002) (0.000) (0.000)
Full-time employed*equhhinc 0.016* 0.007 0.019** -0.003*** 0.009 0.018 -0.023 -0.001 -0.001 (0.009) (0.008) (0.009) (0.001) (0.007) (0.018) (0.018) (0.001) (0.005) Married*equhhinc 0.006 0.005 0.021*** 0.000 0.022*** -0.016 -0.008 0.002** -0.002 (0.009) (0.008) (0.008) (0.001) (0.007) (0.018) (0.018) (0.001) (0.005) Kids*equhhinc -0.024** 0.000 -0.017 0.004*** -0.008 0.001 0. Marginal effects, which are calculated at the means of the covariates, are displayed
The following insignificant controls were included but are not displayed: immigrant, married, kids, East Germany, apprenticeship, apprenticeship*equhhinc, college*equhhinc, height*equhhinc, weight*equhhinc,immigrant*equhhinc, EastGermany*equhhinc
Equhhinc stands for equalized net household income divided by 1,000.
All regressions are weighted with sampling weights; original sample size is 19,529 (4,311 for column (10)) Reference categories are drop-out, non-full-time worker, mage1, fage1, fage1*equhhinc, mage1*equhhinc
In columns (1)-(3), the health measure, which is controlled for, is 1 minus sf12index
In columns (1),(2), and (3), two out of eight gender-age dummies as well as two gender-age-income interactions are significant, respectively
In column (5), one gender-age dummy as well as one gender-age-income interaction are significantly different from zero
In columns (6),(7),(8), and (9) eight, eight, four, and seven gender-age dummies are significantly different from zero, respectively
In columns (6),(7),(8), and (9) three, three, three, and one gender-age-income interactions are significantly different from zero, respectively (a) None.
(b) A total of X days.
Quasi Objective Health Measures and Calculation of SF12 Index
Andersen et al. (2007) provide a detailed explaination of how the physical and mental health components of the SF-12v2 were calculated and which German-specific algorithm was applied. A general overview of the questions included can be found online at http://www.sf-36.org/demos/SF-12v2.html. The questions that were asked in the SOEP in 2006 differ slightly. The wordings and the original questionnaire can be found under "questionnaires" at http://panel.gsoep.de/soepinfo2007/.
Grip Strength
Hank et al. (2009) provide more details about the grip strength measurement in the SOEP survey. The SOEP Data Documentation series provides additional information including the original questionnaire with all grip strength-related questions and variables (Schupp, 2007) . Figure 7 shows how the grip strength measurement was carried out. 
